Abstract: Snow samples were collected during winter 2011/2012 in three posts in the Western Sudety Mountains (Poland) in 3 consecutive phases of snow cover development, i.e. stabilisation (Feb 1st), growth (Mar 15th) and its ablation (Mar 27th). To maintain a fixed number of samples, each snow profile has been divided into six layers, but hydrochemical indications were made for each 10 cm section of core. The complete data set was subjected in the first run of chemometric data interpretation to Cluster Analysis as well as Principal Components Analysis. Further, Self-Organizing Maps, type of neutral network described by Kohonen were used for visualization and interpretation of large high-dimensional data sets. For each site the hierarchical Ward's method of linkage, squared Euclidean distance as similarity measure, standardized raw data, cluster significance test according to Sneath's criterion clustering of the chemical variables was done. Afterwards this grouping of the chemical variables was confirmed by the results from Principal Components Analysis. The major conclusion is that the whole system of three sampling sites four patterns of variable groupings are observed: the first one is related to the mineral salt impact; the second one -with the impact of secondary emissions and organic pollutants; next one -with dissolved matter effect and the last one -with oxidative influence, again with relation to anthropogenic activities like smog, coal burning, traffic etc. It might be also concluded that specificity of the samples is determined by the factors responsible for the data set structure and not by particular individual or time factors.
Introduction
Snowpack is a specific "sink" of atmospheric pollution and for this reason its significance is particularly important for higher regions of the mountains where water and atmospheric pollutants in snow retention may last continuously for several months [1] [2] [3] . As which belongs to Hercynian European Highlands. In spite of relatively low altitudes (1000-1600 m a.s.l.), the Western Sudety Mts. are a significant orographic barrier for moist polar maritime air masses coming from the Atlantic Ocean. One of the atmospheric processes leading to precipitation formation or a regional enhancement of already existing precipitation is an ascent of sufficiently humid air masses forced by the morphology of a mountain barrier. Such an effect is clearly visible, especially in the westernmost part of the Sudety Mountains, where annual precipitation sums are typically 50-150% higher than in the surrounding lowlands.
Two sampling sites represent convex landform in the Karkonosze Mountains and one a flat trough in the Izera Mountains (Table 1 and Fig. 1 ). coordinates used, 500 and 1000 m contour lines shown (sampling sites description -see Table 1 ) Convex, mountain ridge
Situated in the western part of the Karkonosze Mts., the highest range of the Sudety Mts with a mean altitude of 1200-1400 m a.s.l. Stretch from NW to SE for almost 30 km. The main ridge falls steeply northward on the Polish side and forms a widespread "megaslope" about 1000 m high. The southern part, extending on the Czech side, is incised by deep valleys (i.e. Elbe) and consists of numerous secondary ridges. The top and around parts are overgrown with dwarf mountain pine. Below the upper part montane spruce forests grow.
All sites are located in one of the most polluted mountainous areas in Europe. The Western Sudety Mts are subjected to air pollution emitted from combustion of sulphur-rich coal in industrial regions on the Polish, German and Czech borderland. During typical westerly wind conditions they are exposed to highly polluted air from heavy industry densely situated at the distance of tens to hundreds kilometers on the windward side of the mountains. 
Sampling procedure
To calculate pollutant flux to the ground, both concentrations and precipitation volumes must be known. Monitoring stations for precipitation chemistry in locations dominated by snowfall yield inaccurate data because the methods used to measure snowfall volume and chemistry are not reliable. Many investigators have tried to improve a gauge design, its calibration, placement and wind correction. For precipitation and pollutant monitoring, especially in windy, mountain sites, the snow pits are the best alternative. Snow pit is a trench exposing a flat, vertical snow face from the snow surface to the ground (Fig.  2) . It allows studying a snow water equivalent, as well as the characteristics of different layers of the snowpack that have developed as the snow has changed due to compaction and weather changes.
All of snow samples were collected continuously along a vertical profile of the snow cover with a resolution of 10 cm while wearing sterile overalls and gloves to minimize possible contamination (Fig. 2 ). All these samples were stored in sealed polyethylene bags and left to melt at the camp. After melting, snow samples were poured into pre-cleaned polyethylene bottles. To avoid losses of analytes to headspace, samplers were filled without air bubble. Then samples were transported to the laboratory and stored prior to analysis in the temperature of 4°C. To minimize the storage time the analysis was performed the day after collecting samples. Hydrochemical indications were made for each 10 cm section of core, which would provide detailed information about the variability of chemistry, taking place over time and at different levels of the vertical profile of snow cover. Sampling covered the period before and after the thaw episode, and the period of maximum thickness of snow cover. 
Analytical procedure
With the aim of checking atmospheric pollution, samples were analyzed at the Gdansk University of Technology to measure levels of inorganic and organic compounds (Fig. 3) . Ion chromatography Dionex -500 and 3000 were used for determination of anions and cations (Dionex Corporation, USA ), pyrophosphoric acid, sodium carbonate and anhydrous sodium carbonate were obtained from Merck (Darmstadt, Germany). Methanesulfonic acid was purchased from Sigma-Aldrich (Schnelldorf, Germany). Deionized water was obtained from the Milipore Gradient A10 (resistivity: 18.2 MΩ·cm at 25ºC) water purification system (Millipore, Bedford, MA, USA). The samples which contained suspended solids, were filtered on a 0.45 µm PTFE filter for final determination. Figure 3 shows the diagram of sample preparation for analysis. Instrumentation used for the measurements, listed in Table  2 , was selected to assure reliable and reproducible results. 
Chemometric evaluation
Chemometric techniques have been used in order to obtain information on multidimensional measurement data sets, concerning marking organic and inorganic compounds in snow samples and to facilitate the results visualisation [18, 19] . Snow samples collected in winter 2011/12 in all three measurement posts ( Table 1 , Fig. 1 ) have been analysed with the use of chemometric analysis. Samples were collected in 3 consecutive phases of snow cover development, i.e. stabilisation (Feb 1st), growth (Mar 15th) and its ablation (Mar 27th). The research does not comprise initial snowpack growth, which in the winter of 2011/12 was relatively short due to its over monthly delay and then its rapid increase at the beginning of December. To maintain a fixed number of samples, each snow profile has been divided into six layers. The fixed number of samples facilitated conducting chemometric analysis. In the samples the concentration of selected organic and inorganic compounds were marked according to the scheme presented in Figure 3 .
The complete data set was subjected in the first run of chemometric data interpretation to:
Cluster Analysis -the method presents hierarchical grouping of the set of objects (trees) according to similarity of selected features; Principal Components Analysis -the main objective of a chemometric approach, based on PCA technique is to detect an inner structure of measurements and its description with the use of parameters, factors or components resulting from the [18] . Further, self-organizing maps (SOM) -are a type of neural network describer by Kohonen [20] and used for visualization and interpretation of large high-dimensional data sets. SOM algorithm is a non-linear projection of the data from multi-dimensional "variable" space into discrete, usually two-dimensional array of neurons, also called nodes [21] [22] [23] . The projection is performed as each node in the grid is initialized as a random unit vector in n-dimensional space. Each object (sample in this study) from the data set is presented as n-dimensional input vector. Classification was used to distinguish between the different sites, variables, and phases constructing the data set -3 sampling sites (each with 6 depths of sampling), 17 chemical variables, 3 phases of snowpack development (stabilisation, regrowth and ablation). Thus, the data set have dimension 54·17 objects. Chemical variables with analytical concentration below the LOD were treated as presented in concentrations LOD/2. It is important to mention that only chemical indicators were used in the chemometric interpretation (including conductivity measurements).
The major goal of the data mining was to find interpretable patterns in all modes of the data sets (sampling sites with depths, chemical variables and phases or time parameters). Additionally, the separate data sets for the three different sampling sites (Szrenica -S, Kamiennik -K, Orle -O) were examined for better understanding of possible hidden effects.
Results and discussion

Clustering classification and Principal Components Analysis
For each site (S, K, O) the hierarchical Ward's method of linkage [24] , squared Euclidean distance as similarity measure, standardized raw data, cluster significance test according to Sneath's criterion clustering of the chemical variables was done (Fig. 4) . Afterwards this grouping of the chemical variables was confirmed by the results from Principal Components Analysis (Table 3) .
Clustering (Fig. 4a, Table 3a ). The sources of creation of the chemical composition are: "mineral salt", "secondary emission", "dissolved matter" and "oxidative" factor. The content of the clusters on K site differs from that of S site, indicating the various characters of possible sources (Fig. 4b) . The results of the Principal Components Analyses for this site are presented in Table 3b . Slight differences in the number of chemical variables included in the identified sources was found both by cluster and principal components analyses on O site, but the general formation of four patterns was well documented. This is presented in the Figure 4c and in Table 3c . The major cluster of O site is formed by the variables PHEN, pH, HCHO, Mg, K, NH 4 , HARD, Ca, SO 4 and indicates the impact of a mixed source of "mineral salt" and "organic" influences. Again, a specific source of PO 4 could be interpreted in the second cluster. The "dissolved matter" cluster is presented as C3 with the participation of COND, NO 3 , Cl. Instead of a well-defined "secondary emission" pattern (as in the previous two cases) an "oxidative" source (Br, NO 2 , F) appears. The specific dynamics of the chemical variables characterizing this sampling site is confirmed by the results from principal components analysis (Table  3c ). The identification of the latent factors responsible for the data set structure differs as compared to the clustering results. It means that the sources at O site are subject to more dynamic transformations in comparison to the situation at S and K sites.
Finally, all sites were treated as one data set. It was interesting to consider the complete set in order to understand if there is a clear separation between the sampling site, on one hand, or between the different phases of sampling, on the other one. The chemometric analysis should indicate if sampling depth plays any significant role in the data structure or the samples stay homogeneous irrespective of depth. Some information from the treatment of the separate data sets (S, K and O sites) proved that the phase separation is at hand but depth separation -not. Besides, the sides slightly differed with respect to the structure of the identified latent factors.
In It could be concluded that for the whole system of three sampling sites four patterns of variable groupings are observed: the first one is related to the "mineral salt" impact; the second one -with the impact of "secondary emissions" and "organic pollutants" (e.g. anthropogenic influence); the third one -with "dissolved matter" effect and the last one -with "oxidative" influence, again with relation to anthropogenic activities like smog, coal burning, traffic etc. This conclusion does not contradict the results obtained for the separate sampling sites (Fig. 4) .
In general, similar conclusions could be drawn from the identification of the latent factors from the Principal Components Analysis (Table 3d ). There is a slight distraction in the structure of the latent factors as compared to the results of clustering but, again, four significant latent factors explaining almost 75% of the total variance of the system could be interpreted as follows: PC 1 -"mineral salt" factor; PC 2 -"organic pollution" factornegatively correlated to "oxidative" effects; PC 3 -"mixed anthropogenic" factor reflecting various dynamics of a phosphate variable, potassium content and air pollution effects; PC 4 -"dissolved matter" factor -strongly correlated to "secondary emissions" impact.
The clustering of the objects (totally 18: 3 phases · 6 depths of sampling) was also performed. The classification of the objects is of special interest in order to understand if time parameters and depth of sampling are important issues.
It has become instantly obvious that there are 4 patterns of objects formed for S site: (1-6); (7, 10-12, 15, 16) (8, 9, 18) and (13, 14, 17) . In the first cluster only samples from phase II (stabilization) are included; in the second and the third groups include dominant cases from phase III (re-growth) and the samples from phase IV (ablation) are included in clusters 2, 3, and 4 (Fig. 6a) . This classification proves that the major discriminating factor for formation of the clusters is the phase but not the depth of sampling. It is also obvious that a clear separation of the objects with respect to three phases of sampling (real time dependence) is found for K site (Fig. 6b) . The depth of sampling does not play any significant role in this case (sample groups are homogeneous along the depth). There is no mixing of samples from different phases. Higher dynamics of the chemical sources does not influence the classification scheme of the samples on O site. As seen in Figure 6c the separation of the samples is in full accordance with the phase separation without depth influence. Sample 13 is the only outlier whose position is due to very high concentration levels of chemical variables forming PC 1 latent factor, i.e. very high mineral salt content and high level of HCHO. As seen above, there is no distinct separation between sampling sites or between phases of observation (time factor). The content of the clusters is mixed. It may be assumed that the reason for some patterns of specificity is not related to the sampling site mode or phase (time) mode. In order to understand what the reason of clustering is discriminating variables for each cluster were determined. For each cluster the average values of the chemical parameters were calculated and compared to each other. In Table 4 the averages for each of the four clusters of objects are presented. Figure 8 illustrates the distribution of each parameter in each cluster. The analysis of the averages has indicated that cluster 1 is characterized by the highest levels of Cl, SO 4 , Na, PO 4 , Mg, Ca, HARD, COND. It means that the discriminating factor for the objects included in cluster 1 is the "mineral salt" pattern which is responsible for all samples KII. Additionally, the "dissolved matter" mode contributes (COND) to this specificity. 3 , HCHO, PHEN which indicates a combined effect of "secondary emissions" and "anthropogenic impact" modes on the samples in cluster 2. It is likely that these samples reflect an environmental state with enhanced level of pollution. Cluster 3 is marked by the lowest levels of all chemical parameters and it is an indication that O site is relatively the cleanest one. This is a "benchmark" mode. Cluster 4 involved samples with the highest concentrations of Br, NO 2 . Therefore, a discriminating pattern is the "oxidative impact". Finally, it might be concluded that the specificity of the samples is determined by the factors responsible for the data set structure and not by particular individual or time factors. Thus, the application of multi-way principal components analysis will not provide adequate models. 
SOM classification
The data set containing all data (54 · 17 objects) was further subjected to classification using self-organizing maps. Due to some advantages of the method it can be applied as validation scheme for the classifications and models obtained by using cluster and principal components analysis [21] [22] [23] . In Figure 9 the maps of all sites and all variables are given.
Similar patterns of distribution can be instantly observed for the variables PO 4 , SO 4 , Na, Mg, Ca, HARD, Cl (high levels of concentration in the right down corner); then for NO 2 , Br (high levels of concentration in the right upper corner); slighter resemblance can be also detected for PHEN, HCHO and between NH 4 , NO 3 or between pH, COND; K matches F. In general, it confirms the formation of the variable linkage of the previous two chemometric classifications, i.e. formation of "mineral salt", "oxidative", "secondary emissions", "dissolved matter", "organic pollution" impacts.
Conclusions
Snow cover is a highly dynamic medium. Both physical and chemical processes can cause a change in its chemical composition, so comprehensive tests should be carried out to ascertain the contaminant content in snow. The chemical composition of snow layers reflects the composition of native atmospheric aerosols, dry precipitation and the nature of an adsorbent surface. The accumulation of components in snow cover, present in the atmosphere, depends on the weather and on the properties of the surface covered in snow. The chemical composition of snow can provide a great deal of useful information on the levels of contaminants in the atmosphere, changes in these levels over time, and mechanisms of their transport and deposition.
The major conclusion from the chemometric data interpretation is as follows: the latent factors responsible for the data structure (both for each separate sample site and for all together) are, in principle, the same: mineral salt, secondary emissions, dissolved matter, organic pollution, oxidative. They alone, but not spatial or time (phase) factors, contribute to the separation of the samples into different patterns. It has been convincingly proven that no need for multiple principal components analysis is needed to interpret the results obtained.
